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ABSTRACT
Most experiments in research on autonomous agents and
mobile robots are performed either in simulation or on
robots with static physical properties; evolvable hardware
is hardly ever used. One of the very rare exceptions is
the eyebot on which Lichtensteiger and Eggenberger have
evolved simplified insect eyes [6]. Even though substan-
tially improved, the evolutionary models currently applied
still lack both scalability and noise-resistance. To tackle
these problems, this paper proposes a biologically-inspired
force model for this class of real-world applications. The
simulation results clearly indicate that this model provides
a significant improvement over existing limitations. Fur-
thermore, this paper argues that the force model is of more
general utility.
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1 Introduction

In its long history, (classical) artificial intelligence has de-
veloped its strengths in areas, such as playing games, devel-
oping game theory, automatic theorem provers, etc. Most
of this research focuses on algorithmic questions that are
more or less bound to a formal framework. Since the be-
ginning of the 90ies, however, a new research area has
emerged, for which Brooks has coined the term new ar-
tificial intelligence (new AI). New AI aims at understand-
ing (natural) intelligence and its underlying mechanisms by
building systems that exhibit “intelligent” behavior [2, 9].
These systems are often realized as mobile robots, which
are supposed to operate in dynamically changing, partially
unknown environments without any human control (they
are thus attributed autonomous).

New AI prefers a synthetic approach, i.e., understand-
ing by building. In order to reach its research goals, new
AI draws a significant amount of inspiration from natu-
ral systems. It therefore often investigates (biological) hy-
potheses and aims at validating them in simulation or on
particularly-designed robots. For obvious reasons, most
validations are done in simulation (see, for example, the
conference series Simulation of Adaptive Behavior), but
some are indeed done on physical robots [6, 11, 12]. In
most of these experiments, the robot’s morphology, the po-
sitions of its sensors, etc., are predetermined, and adapta-

tion concerns only the robot’s controller, which is given in
software in virtually all cases; evolvable hardware is still
used only in exceptional cases (cf. [7]).

Section 2 discusses the eyebot, which has been pub-
lished in the recent literature [6] and is a nice example of a
robot with evolvable hardware components. Lichtensteiger
and Eggenberger used evolutionary algorithms to evolve
the sensor distribution of an insect eye. As has been men-
tioned earlier, autonomous agents are supposed to freely
move around and should not collide with obstacles. There-
fore, Section 2 also explains how a suitable sensor distribu-
tion can be used to estimate the lateral distance to an obsta-
cle by means of a very simple neural network, in which all
connections have equivalent weights.

Unfortunately, evolution in hardware suffers from im-
mense time requirements. On the eyebot, for example, one
single fitness evaluation takes about one minute. Thus,
if an evolutionary algorithm would consider a population
of about 60 individuals, which are mostly considered not
many, the execution of one single generation would already
take an hour of experimentation time. In this setup, exper-
imentation time is a very limited resource. Consequently,
as Section 3 summarizes, subsequent research accelerated
this application by developing different coding schemes
[12]. Despite the achievable performance improvements,
the scalability remained strongly limited, which allows for
the evolution of insect eyes with only a few receptors for
practical reasons. Furthermore, the consideration of noise,
which is omnipresent in such hardware setups, imposes se-
vere problems; in many cases, the evolutionary algorithms
converge at poor solutions.

In order to tackle the problems discussed above, Sec-
tion 4 proposes a new, biologically-inspired coding ap-
proach, called the force model. In essence, this model can
be considered a reformulation of the original task. Due to
ist very nature, this force model is not limited to the evo-
lution of an inset eye, but may be transferred to other real-
world applications. Section 5 summarizes the experimen-
tal setup, Section 6 then presents some results, which in-
deed indicate a significant reduction of the problem’s com-
plexity, which offers the evolution of complexer systems.
Section 7 tries to analyses the mechanisms responsible for
the obtained performance improvements. Section 8 finally
concludes with a brief discussion.



Figure 1. The “eyebot” consists of a chassis, an on-
board controller, and sixteen independently-controllable
facet units (see Fig. 2), which are all mounted on a com-
mon vertical axis.

2 Background: The Eyebot

This section summarizes previous research and includes the
description of the robot, its eye, the neural network con-
troller, as well as the motion parallax phenomenon.

2.1 The Eyebot

Inspired by biological evidence [3, 4, 5], Lichtensteiger and
Eggenberger [6] constructed the eyebot (Fig. 1) to model
the eye of an insect, such as the house fly. It consist of a
chassis, an on-board controller, and sixteen independently-
controllable facet units, which are all mounted on a com-
mon vertical axis. A facet unit (Fig. 2) basically consists
of the sensor, a thin tube, two cog-wheels, a motor, and
a potentiometer. By means of the cog-wheels, the motor
can position the facet within a range of about 200 degrees,
and the potentiometer provides feedback about its actual
position, i.e., its angle ��� . The thin opaque tube is used to
reduce the sensor’s aperture to about two degrees. These
tubes are the primitive equivalent to the biological omma-
tidia [3, 4, 5]. It should be noted that such a low-cost con-
struction is subject to several imprecisions and tolerances,
which might be sensed as noise during operation.

2.2 Motion Parallax: A Mathematical De-
scription

Figure 3 sketches how a phenomenon, also known as mo-
tion parallax, can be utilized to avoid obstacles. Let us as-
sume that the compound eye, presented as the observer

�
,

is at a fixed position. If the obstacle � is moving at con-
stant speed � , the observer views the obstacle under differ-
ent angles ���	�
��� , and �� at different time steps � ��� � � , and
�  . Let � denote the vector from observer

�
to obstacle �
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Figure 2. The robot’s facet basically consists of the sensor
(the photo diode), a thin tube, two cog-wheels, a motor, and
a potentiometer. By means of the cog-wheels, the motor
can position the facet within a range of about 200 degrees,
and the potentiometer provides feedback about its actual
position.

and let ��� denote the component of � that is perpendicu-
lar to vector � . For the distance � of closest approach, the
following relation holds

�������
��� ��� (1)

Since ���������
��� � , the angular velocity  !�#"� with which
the image of � moves through the visual field of the ob-
server is

 $� � �� �
���
��� �
�

� (2)

If the agent can estimate the velocity � and can measure
both � and  , it can calculate its distance � to the obstacle
at any time. Solving eq. (2) for � and substituting into eq.
(1) leads to

��� �
 �
���

� �%� (3)

Let us assume that the agent uses some sensors each
of which can detect the obstacle if it appears under a par-
ticular angle � . The agent can then estimate the angular
velocity  &�'� ��( �)�+*-, ��( ,.� by the change of � per
time interval:

��� �/ � ��( �)�10 �1���
� � *2� ,��, � �
���

� ��� (4)

Similar to biological systems, an agent with 3 facets
can estimate  !*4, ��( ,�� by utilizing a simple neural net-
work, which consists of 3 input units 576 and 3 - 8 output
units 5:9 . As can be seen in Fig. 3, each output unit 5;9�
is connected to two input units 576� and 5<6��=>� each of which
is in turn connected to one facet with all connections be-
ing topology preserving, i.e., neighboring facets signal to
neighboring inputs, which in turn connect to the same out-
put unit. Furthermore, each input unit 576� has an associated
time constant ? � during which the unit remains active after
it has been triggered by an appropriate input.

Each triple 5:6� , 5<6��=>� , and 5 9� constitutes a motion sen-
sor. An input unit 5:6� is activated by the appearance of a
sufficiently-high “dark-to-bright” stimulus. Then, this unit
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Figure 3. Left: due to their small aperture of about two degrees, the insect eye’s facets recognize a moving object at different
times � ��� � � � �  . With some units that maintain their activity during a time period ? after stimulation and output units that perform
an and-operation over neighboring input pairs, a neural network is able to detect too small a distance of closest approach to an
obstacle. Right: the angular velocity  under which an obstacle � is seen equals  �� � � ( � � ���
��� ��( � and depends on the
actual angle � leading to a distance of closest approach � � / � (  �0 �
��� � � .

remains active during the decay time ? � . If also the neigh-
boring input unit 5:6��=>� becomes active during this time in-
terval, the output unit 579� is triggered (due to its “and” op-
eration). If however, the stimulus moves too slowly, the
first input neuron 5:6� becomes inactive and the output unit
5 9� is not triggered. Depending on its relative velocity � ,
the agent may trigger an appropriate avoidance action if
the sum of active output units exceeds a critical threshold,
which can be, for example, dependent on � (see also eq.
(4)). For an agent to be successful, it is essential to avoid
obstacles only if necessary, since an agent that constantly
avoids obstacles is rather useless. Therefore the parame-
ter ? � determines a critical speed between two neighboring
sensors.

An agent is in principle able to calculate the distance �
of closest approach by utilizing only two facets. However,
this calculation would be limited to a particular angle of its
visual field, which would be too restrictive for real-world
mobile robots. By using a compound eye, the agent is able
to anticipate potential collisions regardless of the angle un-
der which the object is seen. That is, two compound eyes
would provide an agent with an almost 360

�
view.

2.3 Evolving A Suitable Sensor Distribution

Equation (4) for calculating the latera distance � is highly
non-linear in � . If all network delays ? are assumed equiv-
alent, then the time it takes the obstacle to be recognized by
two neighboring facets must be ? as well (see also Fig. 3).
This immediately implies that the distance between two in-
tersections of the facets and the moving path must be equiv-
alent as well. This, in turn, suggests the following fitness
function

� �������
��
	>� / � ��� ? 0 � .

As already mentioned in the introduction, this paper

focuses on the development of a potentially non-uniform
sensor distribution (i.e., the � � ’s) [6], which constitutes
the eye’s morphology, for a simple, prespecified network,
rather than developing a complicated neural network for a
– perhaps inadequate – sensory system. From Eq. (4), it
can be easily derived that the target distribution is � ��( �)��
�
��� �

� � . It should be furthermore noted that all benchmark
tests are done in simulation but that particular results are
validated by physical robot experiments.

3 Problem Description

Generally, evolutionary algorithms apply their variation op-
erators directly to the objective variables � � , called geno-
type. Then, an addition mapping function transfers these
objective variables � � into the individual’s properties (phe-
notype), e.g., the � � ’s here. Previous research investigated
the efficacy of the following mapping functions (coding
schemes) [12]: ID: ��� ��� � ; SQR: ��� ��� �� ; D ABS:����=>� � �>����� � ��� ; D SQR: ����=�� � ����� � �� ; and D EXP:
and ����=�� � �>����������� � / � � 0 , with � denoting an arbitrary
scaling constant, which was set to � � 8 � ! for historical
reasons. All coding schemes assume that the angles ��� are
numbered from front to side (see Fig. 3).

Figure 4 shows that the choice of the coding scheme
significantly influences the efficacy of a simple (1,6)-ES
(please, see Section 5 for the experimental setup). Fur-
ther results indicate that evolution strategies converge sig-
nificantly faster than genetic algorithms on this particular
problem [12].

Despite all achieved performance improvements, the
following problems remain: the scalability is still unsatis-
factory for an increased number of facets 3 , and further-
more, all coding schemes reacted very sensitive to a noisy
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Figure 4. The performance of the (1,6)-evolution strategy
significantly depends on the chosen coding scheme.

fitness evaluation, which is the normal case in a real-world
setup. The next section proposes a new model, called the
force model, to tackle these problems by new different ap-
proach.

4 The Force Model

The various coding schemes discussed so far lack one com-
mon problem. A modification of one of the very first an-
gles moves all other facets by that amount. This can re-
sult in drastic fitness changes under certain circumstances;
unfortunately, these models do not provide a gradually de-
creasing shift. From a theoretical point of view, it would
be better, if a shift of � -degrees of one facets would be
distributed in small portions � ( /�� � 8 0 over the remaining� � 8 facets. This thought has led to the following force
model:

� The facets at the ends are kept in fixed positions, i.e.,��� and ��� are fixed, e.g., by the agents body.

� An individuals has
� � 8 objective variables which are

directly or indirectly considered as forces
� � between

the two facets � and � � 8 .
� All angles are derived as:

����=�� � ��� � � � ��� � �	�
�

�
�
�


 	�� � 
 (5)

5 Methods

Despite their historical roots and differences, all evolu-
tionary algorithms maintain a population of � individuals,
called parents. In each generation  , an evolutionary algo-
rithm generates � offspring by copying randomly selected
parents and applying variation operators, such as mutation
and recombination. It then assigns a fitness value (defined
by a fitness or objective function) to each offspring. De-
pending on their fitness, each offspring is given a specific
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Figure 5. Both figures illustrate an artificial insect eye
with five facets. A conventional model (left-hand-side)
would directly or indirectly focus on the various angles ��� .
By contrast, the force model (right-hand-side) interprets
the objective variables as forces

� � between two neigh-
boring facets, and derives the various angles as � ��=�� �� � � � � / � � � � � 0 ( / �

�
�
�


 	�� � 
 0 .

survival probability. For a broad overview, the reader is
referred to [1].

5.1 Evolution Strategies

Since all parameters � ��� are real-valued parameters, it is
straight forward to resort to evolution strategies1 and the
breeder genetic algorithm [13]. In their simplest form, evo-
lution strategies maintain one global step size � for each
individual, and they typically apply mutations to all

�
pa-

rameters, i.e., ���4� 8 , as follows

� ����� � ��� � ��� /�� � 8 0 � (6)

with � /�� � 8 0 denoting normally-distributed random num-
bers with expectation value 0 and standard deviation 1.
Each offspring inherits the step size from its parent, and
prior to mutation, the inherited step size is modified by
lognormally-distributed random numbers2 � � � / � /�� � 8 010 .
This simple evolution strategy is denoted as ( � , � )-ES or
( � + � )-ES for short; the first notation indicates that the
new parents are selected only from the offspring (i.e., no
elitism), whereas the latter also considers all parents from
the previous generation (i.e., � -fold elitism). In addition,
some evolution strategies also feature various recombina-
tion operators such as discrete and intermediate recombi-
nation [1]. This paper applies only uniform recombination,
which exchanges corresponding weights � ��� between two
offspring with probability ��� � � �  .

1The differences between evolution strategies and evolutionary pro-
gramming are very small and do not seem relevant for the application at
hand.

2Constant factors, such as 1.5, 1.0, and 1/1.5, might work as well.
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Figure 6. Performance of the (1,6)-ES for various numbers of facets 3 .

5.2 The Breeder Genetic Algorithm

In contrast to most other genetic algorithms, the breeder
genetic algorithm also directly encodes each parameter
� ��� as a floating-point number, and implements mutation
by adding or subtracting small random numbers. It nor-
mally applies a mutation to each parameter with probability
� �&� 8 ( � , and also features various crossover operators.
In the present investigation, the breeder genetic algorithm
uses the same crossover operator as the evolution strate-
gies. The current implementation recommends the follow-
ing mutation operator [13]:

� ��� � � ��� ����� � ��� � 5	��
 � � 8 0 � (7)

with “+” and “-” being selected with equal probability,
�

denoting the mutation range, � denoting a precision con-
stant, and 5 being a uniformly-distributed random number.� � � � 8 and � � 8� were used in all experiments.

5.3 The Fitness Function

The fitness of a particular sensor distribution is given by
the sum of the squared deviations to the time constant ? ( ?
is equal for all neurons in order to obtain the most simple
network):

� � ���
��

�
	>�
/ � � � ? 0 � � (8)

When moving with speed � , the time interval � � is given by
the lateral distance between two neighboring sensors

� � � �
�
� 8��� � / �>� 0 � 8��� � / �>��=>� 0�� � (9)

To allow the consideration of noisy fitness evaluations, this
paper also considers the following fitness definition

� � ���
��

� 	��
/
/ 8 � � � /�� � 8 0
0 � ��� ? 0 � � (10)

with � denoting the Gaussian-distributed noise level.

Unless otherwise stated, � ( � � 8 and ? � � � 8  have
been used in all experiments. With � � � � �

degrees and
3 facets, the system has 3 � 8 remaining free parameters� � � � �
�

� .

6 Results

Figures 6 and 7 summarizes some representative perfor-
mance aspects of the two models. The figures on the left-
hand-side alway refer to the force model, whereas the fig-
ures on the right-and-side always refer to the rather conven-
tional ��� -coding scheme. All shown graphs are averages
over 20 independent runs.

Figure 6 indicates that with the force model, the con-
sidered evolution strategies find precise solutions signifi-
cantly faster; especially for larger numbers of facets 3 , the
difference increases up to an order of magnitude. In real-
world experiments, this difference reduces an entire day
of tedious experimentation to approximately three hours.
The same behavior is obtained with other parametrizations
(e.g., � and � ) of the evolution strategies. But these results
are omitted due to space limitations.

Despite this accelerations discussed above, the force
model stresses its advantages in the case of noisy fitness
evaluations. Figure 7 clearly shows that the force model
exhibits both a significantly higher rate of descent and a
final accuracy orders of magnitude better than the conven-
tional ��� -coding model. For example, with a noise level of
0.1% ( ��� � � � � 8 ), the force model achieves a final fitness
value of about 2.4 10 ��� , a value never reached by the con-
ventional model; by contrast, the conventional model takes
twice as long to end up more than three orders of magnitude
worse.

At this point, two short notes should be made. First,
the resulting sensor distribution is not affected by the pro-
posed coding scheme, since the fitness functions (eq. (10))
is not changed. Second, a generalization to other problems
in this domain is straight forward; the particular design step
is to account for give real-world physical constraints.
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Figure 7. Performance of the (1,20)-ES for various noise levels � and 3 ��� � facets.

7 Interpretation

This section addresses the question of why the force model
significantly improves the evolutionary process. The ob-
tainable speed up is mainly due to the normalization given
ion eq. (5). The significant effect caused by this little
change can be understood as follows: Let us assume, for
the sake of simplicity, that the fitness function has only
to parameters. In the conventional model, the evolution-
ary process has to evolve to very specific values. In a
three-dimensonal surface landscape, the optimum is repre-
sented by the lowest point of a two-dimensional parabola-
like function.

This situation changes in case of the force model. Due
to the normalization step, the evolutionary process does
consider only the quotient of these two parameters. That
is, instead of searching for two specific values ��� � and ���� ,
the force model aims at finding � � ( � � � opt. In this case,
however, the optimum changes from a single point to a line
(the base of a value) with infinitely many optimal relations
� � ( � � � opt. Hence, the force model’s normalization step
yields at least a complexity reduction of one. Apparently,
this modification also makes the step size adaptation easier.

The reasons for the significantly improved noise resis-
tance are currently not fully understood and are thus subject
to further research.

8 Discussion

This paper has proposed the force model for the evolution
of a simplified insect eye directly in hardware. Despite its
acceleration, the force model behaves very resistant to ex-
ternal disturbances (noise), which are omnipresent in real-
world experiments Furthermore, this model’s normaliza-
tion reduces the number of exogenous parameters.

The achieved improvements are probably mainly due
to the model’s normalization. This normalization changes
the fitness landscape’s structure. If, for example, a two-
dimensional instance of the conventional model contains a
unique optimum at � � � � � �� , the normalized model contains

infinite many optima at � � � � ��� � �� . Future research will
be devoted to a thorough theoretical analysis.
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